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xABSTRACT
Global soil moisture observations, which stand to improve flood and drought applications,
are currently being produced by multiple satellite missions. One such mission is Soil Moisture
Ocean Salinity (SMOS), an L-band satellite with a spatial resolution of roughly 40 km and a
revisit time of less than 3 days. SMOS is both too dry and too noisy (bias = -0.072 m3 m−3,
ubRMSE = 0.061 m3 m−3) during the growing season (Apr – Oct, 2013 – 2015) over an in situ
soil moisture network in the South Fork of the Iowa River (SFIR) watershed. The mission
accuracy goals are to have a zero-bias and an ubRMSE less than 0.04 m3 m−3. We hypothesized
that the SMOS dry bias could be caused by: the inclusion of invalid retrievals; bias in the
auxiliary surface temperature input; errors in auxiliary soil textural maps; and the use of a
non-representative parameterization of scattering in the canopy.
Following the examination of SMOS θv retrieval validity, we implemented two end-user
filters: a strict instantaneous radio frequency interference (IRRFI) filter and a χ2 probability
filter. The use of these filters restricts the number of the θv retrievals to 25 per pixel per month
(unfiltered: 32 per pixel per month). Bias in the effective ground temperature (Tg), derived
from the “AUX ECMWF” product, would need to be greater than -1.5 K to create a dry θv bias.
Few individual months had Tg biases large enough to impact θv retrieval; the average bias was
0.25 K (RMSE = 1.4 K). The SMOS soil textural maps, updated in May 2015 for inter-mission
comparability, corrected errors in the clay fraction over the SFIR that had previously been
artificially wetting θv retrievals (by 0.01 – 0.03 m
3m−3). Finally, scattering within the canopy,
while relevant for crops such as corn, is not accounted for by default in the SMOS retrieval
algorithm. Introducing a non-zero value of the single scattering albedo (ω = 0.05) dried the
θv bias by an additional 0.03 m
3m−3 during the two-month test case (Jul – Aug, 2015). While
we were unable to identify the source of the SMOS dry bias in the SFIR, we made remarkable
progress in understanding how the retrieval algorithm handles agricultural land surfaces. We
xi
intend to investigate soil surface roughness as another potential source of the dry bias in the
near future.
1CHAPTER 1. INTRODUCTION
1.1 The Importance of Soil Moisture
Agriculture is dependent on adequate soil moisture. When soil is too dry, plants become
water stressed and are unable to transport nutrients, maintain their structure, or photosyn-
thesize as much as when not water-limited (Hsiao, 1973). For example, Robins and Domingo
(1953) investigated the effects of severe water stress in corn and found that yield was signif-
icantly decreased if water stress occurred during tasseling. This effect was not mitigated by
subsequent irrigation. On the other end of the spectrum, in saturated soil, or soil where all
pore spaces are filled with water, plants are unable to uptake oxygen through the roots and
critical nutrients are washed downstream.
Soil moisture not only immediately affects agricultural growth, but also influences the spa-
tial distribution and magnitude of precipitation. Antecedent soil moisture has been shown to
be coupled with precipitation during the growing season in predominately agricultural regions
(Koster et al., 2004; Ramankutty et al., 2008). Global soil moisture observations should prove
useful in monitoring severe flood and drought conditions; such events have been shown to be
better modeled when soil moisture is accounted for in meteorological models (Namias, 1991;
Beljaars et al., 1996). In addition to retrospective flood/drought analyses, soil moisture obser-
vations are being integrated into current products. For example, Bolten et al. (2010) reported
that the incorporation of satellite soil moisture measurements into existing soil moisture models
improves root-zone predictions of drought in agricultural areas.
21.2 Passive Remote Sensing of Soil Moisture
Remote sensing – the act of measuring without touching – can be performed either actively,
where a signal is emitted and then the receiver observes the amount scattered back (e.g., radar),
or passively, where the receiver “listens” for the amount of radiation being emitted from the
target (e.g., radiometer). Retrieval algorithms, specific to each satellite, retrieve soil moisture
from the observed brightness in combination with auxiliary surface data (e.g., temperature,
soil type). There are two current exploratory satellite missions that have a primary goal of
monitoring soil moisture: the European Space Agency’s (ESA) Soil Moisture Ocean Salinity
(SMOS), which launched on 2 November 2009, and the National Aeronautics and Space Ad-
ministration’s (NASA) Soil Moisture Active Passive (SMAP), which launched on 31 January
2015.
Both of these satellites operate within the microwave region of the electromagnetic spec-
trum. Soil moisture (θv) retrieval is possible due to the unique electrical properties of liquid
water at microwave frequencies. The amount of radiation measured by the satellite, reported
as brightness temperature (TB), is proportional to the surface’s temperature (T ) and emissivity
() as given by Eq. 1.1.
TB =  T (1.1)
TB is the temperature that an equivalent blackbody, or a surface with  = 1 (i.e., a perfect
emitter and absorber), would have to be in order to emit the same amount of radiation observed
by the satellite. , which describes how similar the observed surface is to being a blackbody, is
a function of soil moisture; if T and other surface characteristics are given by auxiliary sources,
it is possible to retrieve θv from the satellite observed TB. The wetter a soil is, the lower its
 becomes, causing a low TB; conversely, drier soils have a higher TB. Fig. 1.1 presents an
example of the relationship between the T of the soil, TB observed by satellite, and retrieved
θv. These variables were obtained from the SMOS mission (July and August 2015); TB was
extracted from the “SCLF1C” product, T from “SMDAP2”, θv from “SMUDP2”.
The SMOS satellite, rendered in Fig. 1.2, utilizes the Microwave Imaging Radiometer with
Aperture Synthesis (MIRAS) instrument, which consists of a constellation of 69 small radiome-
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Figure 1.1 Example of the relation between TB, T , and θv. As soil becomes wetter, the
emissivity decreases and lowers the observed TB.
ters (LICEFs), to observe the soil surface at both horizontal and vertical polarizations (h-pol
and v-pol, respectively). The use of a synthesis approach, as opposed to a single large antenna,
allows for measurements to be made at multiple incidence angles (θ). This, in addition to the
dual-polarization, makes it possible to infer the “depth” of vegetation at the surface, which
must be accounted for during θv retrieval. Vegetation, like the soil surface, contains liquid
water and contributes to the signal observed by SMOS. The inclusion of many TB observations
also provides for a more robust θv retrieval. The retrieval algorithm is detailed in the Level 2
(L2) Algorithm Theoretical Basis Document (ATBD, Kerr et al. (2014)) and Kerr et al. (2010)
provide a full description of the SMOS mission.
SMOS “listens” to radiation emitted by the Earth at a frequency of 1.4 GHz (within the
L-band of the microwave spectrum). At this frequency, clouds (water and ice particles) and
light precipitation do not interfere with retrievals as their physical size is much smaller than
the wavelength of observed radiation. SMOS is not dependent on sunlight availability, as
visible satellites are, and can therefore retrieve θv at night. As a sun-synchronous satellite,
at a given point on Earth’s surface SMOS will make observations at least every 3 days, with
4Figure 1.2 Digitally rendered image of SMOS in orbit. Downloaded from the ESA “Space in
Images” gallery on 27 March 2016.
ascending (South Pole → North Pole) overpasses occurring a 6 AM Local Solar Time (LST)
and descending (North Pole→ South Pole) overpasses at 6 PM LST. Solar time is defined such
that the sun is its highest point in the sky (smallest zenith angle) at solar noon. At the mid-
latitudes (i.e., the same latitudes as the Corn Belt), SMOS observations occur approximately
once every 1 – 2 days, with a spatial resolution of roughly 40 km (the size of a typical Iowa
county). Sensing depth is dependent on the frequency being observed, where higher frequencies
result in a thinner layer of soil that can be “seen” by the satellite. At L-band the sensing depth
is estimated to be the 0 – 5 cm layer.
While the θv product currently retrieved by SMOS does well showing soil moisture patterns,
such as those following rainfall events and long-term drought, it is difficult to use absolute values
of retrieved θv as there are currently biases and noise present. Global analysis of SMOS θv
retrievals show that both wet and dry θv biases exist. For example, dry biases of a similar
5magnitude (approx. -0.10 m3m−3) were reported in the agricultural regions of the Skjern
River Catchment in Western Denmark and the Upper Danube Catchment (Bircher et al., 2013;
dall’Amico et al., 2012). Typical soil moisture ranges from 0 – 0.40 m3 m−3. Jackson et al.
(2012) validated SMOS θv over 4 watersheds in the United States, whose vegetation varied
between rangeland, grassland, and cropland and climates ranged from semiarid to subhumid.
They found both wet and dry θv biases, and quantified the noise in SMOS retrievals as being
slightly higher than the mission accuracy goal of having an ubRMSE less than 0.04 m3 m−3.
We focused our validation activities in an agricultural watershed in central Iowa.
1.3 South Fork of the Iowa River (SFIR) Watershed
The South Fork of the Iowa River (SFIR) watershed, with a drainage area of 78,000 ha,
is contained within Hardin and Hamilton counties in central Iowa (a state in the Corn Belt).
The soil is of the Clarion-Nicollet-Webster soil association and is poorly drained; tile drainage
is common in the area. A summary of the watershed characteristics are maintained by the
United States Department of Agriculture (USDA) Agricultural Research Service (ARS) at
http://www.ars.usda.gov/Main/docs.htm?docid=18593. Over 90% of the terrian in the
SFIR is considered flat, with a grade of less than 2% (Coopersmith et al., 2015). Approximately
85% of the watershed consists of corn/soybean rotation (Tomer et al., 2008).
In preparation for SMAP validation activities, an in situ soil moisture network was installed
in the SFIR network in April 2013. As shown by Fig. 1.3, there are 15 sites operated by the
USDA ARS (SF01–SF15) and 5 by NASA (NA01–NA05). The center of the 3 SMOS Discrete
Global Grid (DGG) pixels located in the SFIR (200056, 200057, and 200569) are also noted
on Fig. 1.3. Each site consists of 4 soil moisture and temperature probes installed at 5, 10,
20, and 50 cm, and 2 tipping-bucket precipitation gauges; an example of a SF## site is shown
in Fig. 1.4. The stations are installed as close to the field as possible without interfering with
farm management practices that could harm the equipment (e.g., harvest).
The SMOS “working area”, or the total area of land that contributes to the observed signal,
is a 123 km by 123 km square (Kerr et al., 2014). However, the weight of edges of the working
area are very small compared to the center. As such, we defined a new area for discussing
6Figure 1.3 Delineation of the SFIR watershed in central Iowa; courtesy of Michael Cosh
(USDA-ARS). Soil moisture validation sites are denoted by • and the center
of DGGs by N.
the SFIR that considers the land that contributes the most to the SMOS signal. This area
is defined as the rectangle that encompasses the approximate spatial resolution of the 3 SFIR
DGGs (Fig. 1.5). The spatial resolution was assumed to be a 50 km diameter circle centered
over each DGG, resulting in a roughly 70 km by 70 km square that we consider to be the area
that contributes to the signal observed by SMOS over the SFIR DGGs.
7Figure 1.4 Example of a SFIR network site maintained by the USDA ARS. Downloaded from
http://hrsl.ba.ars.usda.gov/southfork/sm.php on 27 March 2016.
1.4 SMOS is Too Dry Over the SFIR
We have been validating the SMOS θv retrievals over the SFIR since the growing season
of 2013, when the in situ soil moisture network was installed, and for the purposes of this
study continue through 2015. The arithmetic mean of all 20 SFIR soil moisture sites was used
as the “SFIR soil moisture” in our comparisons; the use of 20 sites to represent to the spatial
variability in a watershed has already been adopted for SMAP validation studies (O’Neill et al.,
2014). Fig. 1.6 shows that the SMOS θv does not vary dramatically between the 3 DGGs over
a 3 year period; the bias between the 3 DGGs varies by 0.01 m3m−3. As the variation in θv
between the DGGs is low, all θv retrievals from the 3 DGGs are combined and used as the
“SMOS retrieval” over the SFIR (defined as the region in Fig. 1.5). Fig. 1.7 compares SMOS
θv to the SFIR soil moisture during Apr – Oct, 2013 – 2015. The retrievals have already been
filtered following the conclusions of Chapter 2. It is clear both that SMOS θv is consistently
810 mi
N
➤
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Figure 1.5 Area defined by the spatial resolution of the 3 DGGs in the SFIR. Soil moisture
validation sites are denoted by • and the center of DGGs by N.
drier than the SFIR network average, and that the retrievals are noisier than the mission goal
of 0.04 m3 m−3.
We will be using the bias (Eq. 1.2), RMSE (Eq. 1.3), and unbiased RMSE (ubRMSE,
Eq. 1.4) to quantify the performance of SMOS θv retrievals over the SFIR. While RMSE is
typically used to quantify the noise in a relationship, it is inherently controlled by large biases.
Therefore, the ubRMSE, which eliminates the bias dependence, is used to describe the noise in
the biased SMOS θv retrievals. The bias, RMSE, and ubRMSE for SMOS θv retrievals over the
SFIR are presented in Table 1.1 – 1.3. The statistics are given per month (Apr – Oct), for the
entire growing season, and for ascending (6 AM) versus descending (6 PM) overpasses, for the
three validation years (2013 –2015). Averages over all years are also given for each category.
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Figure 1.6 Comparison between SMOS retrieved θv and the SFIR network average per DGG
for Apr – Oct, 2013 – 2015. The dry bias is essentially identical between DGGs.
bias = (SMOS θv − SFIR θv) (1.2)
RMSE =
√
(SMOS θv − SFIR θv)2 (1.3)
ubRMSE =
√
RMSE2 − (SMOS θv − SFIR θv)2 (1.4)
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Figure 1.7 Comparison between SMOS retrieved θv and the SFIR network average per year
for Apr – Oct, 2013 – 2015.
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The overall (Apr – Oct, 2013 – 2015) SMOS θv bias was -0.072 m
3 m−3. Fig. 1.8 is a graphical
representation of monthly patterns in the bias; the dry bias appears to be largest in July. The
6 PM retrievals (descending overpasses) tend to have a stronger dry bias than the 6 AM. The
overall ubRMSE during the study was 0.061 m3 m−3, well outside of the mission noise goal of
0.04 m3 m−3. Fig. 1.9 depicts the monthly patterns in the ubRMSE; SMOS θv retrievals are
slight noisier in the first half of the growing season. The probes were installed in April 2013,
and it is to be noted that initial observations are likely invalid as the soil was disturbed during
installation and needed rainfall to smooth it back. There was some light late season snowfall
in April 2014 that, while officially undetected by SMOS, probably skewed retrievals while the
soil was near the freeze/thaw boundary. If the SMOS processor is aware that conditions are
in effect that likely prevent valid retrievals (e.g., frozen soil), then those observations will be
thrown out and a retrieval may not be possible.
The SMOS data used in this comparison are v551 for April 2013 – April 2015 and v620
for May 2015 – October 2015. While we were unable to get the reprocessed v620 data for the
entire time period, the primary change between processor versions (for our purposes) was the
implementation of a refined soil texture map, which we address in Section 4.3. Assuming that
the soil texture map change was the only major change between v551 and v620 relevant to the
SFIR, the updated processor may be partially responsible for 2015 being having a worse dry
bias than previous years.
1.5 Hypotheses
SMOS is significantly underestimating the soil moisture in the SFIR watershed. The large
dry bias is a problem seen not only in the SFIR, but also over other agricultural field sites
around the globe (Bircher et al., 2013; dall’Amico et al., 2012). While agricultural regions are
some of the most important areas to monitor soil moisture over, they are particularly difficult
to retrieve θv in due to the high water content of croplands masking the θv signal.
One concern about in situ soil moisture networks is that differences between the sensing
depths of the in situ sensors and the satellite affect validation activities, as different layers of
soil wet and dry at different rates following rainfall. Shallower depths (what SMOS “sees”)
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Figure 1.8 Monthly average SMOS – SFIR θv bias, 2013 – 2015.
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Figure 1.9 Monthly average SMOS θv ubRMSE (noise) in the SFIR, 2013 – 2015.
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wet and dry faster than deeper depths (where the in situ probes are located). Rondinelli et al.
(2015) investigated the rates of soil drying observed by SMOS and the in situ network in the
SFIR; they found that the different sensing depths likely contribute to the noise seen in SMOS
θv retrievals, but not the bias. Another potential issue, that sites on the edge of fields are not
representative of the soil moisture within the field, was extensively investigated by the USDA
during the summer of 2014 (in the SFIR network). After conducting in-field measurements of
soil moisture for the length of the summer, they concluded that, for the majority of sites, the
permanent soil moisture probes located on the edge of the field in the SFIR are representative.
Following the assumption that the in situ network average is the “truth”, we focused on
investigating how SMOS retrieves θv and identifying potential sources of error in model inputs.
By analyzing the components of the retrieval algorithm used over agricultural areas, we have
developed a multi-part hypothesis as to the source of the dry bias. We hypothesize that the
SMOS dry bias could be caused by:
1. the inclusion of invalid retrievals in the comparison,
2. bias present in the auxiliary surface temperature input,
3. errors in auxiliary soil textural maps, and
4. the use of a non-representative parameterization of scattering in the canopy.
It is possible that θv retrievals considered by SMOS to be successful are actually invalid.
This may be due to small amounts of radio frequency interference (RFI), which increases the
observed TB and would be interpreted by the SMOS processor to be a drier soil. Surface
temperature drives the amount of radiation observed by SMOS (Eq. 1.1), and biases in the
auxiliary temperature provided to SMOS would result in biased θv. The  of the soil, from
which θv is actually retrieved, is also a function of soil texture; the use of incorrect soil maps
would result in additional θv error. Finally, SMOS does not account for scattering of microwave
radiation in crop canopies, which is known to occur in corn (the major SFIR crop). In the
following chapters we address each one of these hypotheses. We then summarize our results
and present some ideas for future work.
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CHAPTER 2. ASSESSMENT OF SMOS RETRIEVAL VALIDITY
2.1 Introduction
Before investigating potential sources of the large ubRMSE and the dry bias, “successful”
retrievals must be assessed for validity. A retrieval is considered successful when the processor is
able to find a soil moisture (the retrieved value) that minimizes the difference between observed
and modeled TB. The processor itself applies several layers of filtering to observed TB, flagging
and discarding those which would negatively impact the outcome of the retrieval. Current TB
(L1C) filtering for RFI, field of view, and sun glint implemented in the L2 processor is outlined
in Sections 3.2.2.1.5 – 3.2.2.1.7 of the SMOS L2SM ATBD (Kerr et al., 2014).
2.1.1 Unfiltered soil moisture retrievals
The SMOS-retrieved θv for three DGGs is compared to the SFIR network average during
April – October, 2013 – 2015. The number of successful retrievals over the 3 SFIR DGGs where
in situ soil moisture data are available are presented by month, year, and ascending/descending
(AM/PM) overpasses in Table 2.1. There is no significant difference in the number of retrievals
for a given year between the DGGs. The variation in number of April retrievals is due to two
known periods of data unavailability: the SFIR network record does not begin until partway
through April 2013 and and there was late-spring snowfall that caused several short periods of
failed retrievals in April 2014.
2.1.2 Proposed filtering methods
In addition to the filtering implemented in the processor, science flags and other parameters
are available in the dataset for use in quality control at the discretion of the end user. We
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propose three methods for determination of retrieval validity and subsequent filtering of data
over the SFIR watershed:
• Removal of retrievals where the probability of RFI contamination is greater than 5%.
• Removal of retrievals where fewer than a set fraction of TB are within the alias-free field
of view (AFFOV).
• Removal of retrievals where the χ2 probability, defined as the probability that a successful
retrieval was poorly fit, is greater than 5% (0 is best).
The θv retrieval bias and ubRMSE are used to assess the impact of data filtering methods on
retrieval quality. Significant improvement in the bias after filtering may indicate that part of the
SMOS error in the SFIR watershed is due to poor retrievals being considered “successful” by the
processor. As invalid retrievals are likely outliers in the SMOS vs SFIR relationship (Fig. 1.7)
implementing data filters should reduce the retrieval ubRMSE. An ideal data filter will improve
retrieval quality without overly reducing the amount of successful retrievals. Before end-user
filtering, the SMOS θv bias and ubRMSE, averaged between 3 DGGs over the SFIR between
2013 and 2015, are -0.07 m3 m−3 and 0.06 m3 m−3 respectively. There are approximately 33
successful retrievals per DGG per month.
Table 2.1 Combined number of retrievals between 3 DGGs in the SFIR which have available
in situ soil moisture data.
Apr May Jun Jul Aug Sep Oct Apr–Oct 6 AM 6 PM
2013 48 98 98 102 104 104 108 662 333 329
2014 71 102 95 114 110 99 105 696 350 346
2015 105 105 106 102 102 86 114 720 360 360
Total 224 305 299 318 316 289 327 2078 1043 1035
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2.2 Testing Data Filters
2.2.1 RFI probability
The SMOS soil moisture retrieval algorithm rejects TB that have been flagged as RFI,
however it is possible for RFI contamination to exist if the tainted TB is below a processor-
defined threshold. RFI contamination raises measured TB, which is interpreted by the processor
as a drier soil (higher emissivity). The probability of instantaneous RFI (IRRFI), is defined as:
IRRFI =
NRFIX + NRFIY
MAVA0
(2.1)
The IRRFI is used to determine the likelihood of RFI contamination for a given DGG and
overpass as a function of the TB flagged for RFI in the X-direction (NRFIX), TB flagged in the
Y-direction (NRFIY), and the total number of TB measured (MAVA0); X- and Y- directions
are antenna frame of reference (Bengoa et al., 2014).
The upper limit for allowable IRRFI is dependent on how often the region analyzed ex-
periences high levels of RFI. The SMOS processor provides the probability of sustained RFI
contamination over land, an example of which is presented in Fig. 2.1. In areas of the world
where sustained RFI is prevalent, a more relaxed filter (IRRFI ≤ 0.30) may be desirable in
order for the amount of valid retrievals to not be overly reduced. An IRRFI threshold of 0.10
is considered to be strict, as it restricts valid retrievals to those where no more than 1 and 10
observed TB are tainted by RFI (P. Richaume, personal communication, June 2015). In the
Midwest United States there is virtually no sustained RFI and we can afford to reject retrievals
that may a small amount of RFI contamination. We will therefore be evaluating an IRRFI
threshold of 0.05 (≤ 5% chance of RFI), as it will effectively remove all retrievals that have the
faintest possibility of being contaminated.
Implementation of a strict IRRFI filter, eliminating those retrievals where IRRFI exceeds
0.05, does not remove many retrievals from consideration in validation studies over central Iowa
due to the absence of strong RFI sources. The removal of retrievals by this filter (in the SFIR)
are less due to strong RFI signatures and more to the retrieval being performed with a very
small sampling of TB. When the DGG is on the edge of swath and few TB are measured (small
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Figure 2.1 Global probability of sustained RFI. While there is substantial RFI contamination
present over large regions of the globe, the Midwest United States has virtually no
sustained RFI. Downloaded from http://www.cesbio.ups-tlse.fr/SMOS_blog/
on 23 February 2016.
MAVA0), any TB flagged for RFI may result in the retrieval being removed by the IRRFI filter.
After the use of this filter, less than 4% of available retrievals were discarded due to RFI: the
total amount of retrievals was reduced from 2078 to 1995. Application of the IRRFI threshold
results in no change to the overall bias (pre-filter: -0.07 m3 m−3, post-filter: -0.07 m3 m−3)
or the ubRMSE (pre-filter: 0.06 m3 m−3, post-filter: 0.06 m3 m−3). Regardless of the lack of
retrieval improvement, it is good practice to identify and remove those retrievals which may
have been artificially ‘dried’ by RFI.
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Figure 2.2 Illustration of EAFFOV (yellow) and AFFOV (green) regions; concentric circles
mark TB incidence angles (solid black). Reproduced from Lin et al. (2012).
2.2.2 AFFOV threshold
The SMOS satellite utilizes an array of antennas to observe and magnify the soil moisture
signal. The measurements from these antennas are then synthesized into a “snapshot”, or
image, of the Earth surface. When the antenna data are combined, observations that contain
sky within the field of view overlap those of the Earth surface, introducing bias within regions
of the snapshot. These biases are referred to as “alias”. The AFFOV is the only region of the
snapshot free from the influence of sky observations. In order to reduce the impact of alias on
θv retrieval, TB are restricted to the extended alias-free field of view (EAFFOV), where only
minor alias exists. Fig. 2.2 depicts a typical snapshot, where the yellow hexagon-like region is
the EAFFOV and the green is the AFFOV. η and ξ are coordinates that describe the distance
of the observation from the center of the AFFOV; black concentric circles are incidence angles.
Following the elimination of RFI-contaminated retrievals, the data may be further filtered
by removing those retrievals where the fraction of measured TB within the AFFOV is below
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a certain threshold. To assess the feasibility of implementing an AFFOV threshold, a basic
overview of the field of view data associated with successful retrievals was performed. Low
values for AFFOV fractions are to be expected; there are a wide set of TB incidence angles
observed during every overpass and not all of them fall within the AFFOV.
The distribution of fractional AFFOV coverage is given in Fig. 2.3 for SFIR retrievals (after
RFI filtering). As the distribution of AFFOV coverage is dependent on the orbit of the satellite,
which does not change from year to year, all years exhibit similar patterns and are combined
in Fig. 2.3. Fractional AFFOV is binned as follows: 33.3% in the 0-0.10 bin, 3.4% in 0.10-0.20,
5.3% in 0.20-0.30, 10.7% in 0.30-0.40, 11.1% in 0.40-0.50, 6.2% in 0.50-0.60, 27.0% in 0.60-0.70,
2.9% in 0.70-0.80, 0.1% in 0.80-0.90, and 0% in 0.90-1.0. Given this distribution, three values
were tested as potential AFFOV thresholds: AFFOV ≥ 0.10 (approx. 21 retrievals per DGG
per month), AFFOV ≥ 0.25 (approx. 20 retrievals per DGG per month), and AFFOV ≥ 0.40
(approx. 15 retrievals per DGG per month). The post-RFI filter average (no AFFOV filter) is
32 retrievals per DGG per month. The effect of the application of these filters on the bias and
ubRMSE of θv retrieval is summarized in Table 2.2.
Implementation of the three AFFOV thresholds tested did not improve the bias the SMOS
retrievals over the SFIR network. While the ubRMSE improves with AFFOV filtering, it comes
at the cost of discarding over a third of retrievals for even the most relaxed criteria. Therefore
it appears that the magnitude of the alias included in the EAFFOV is not large enough to
effect θv retrieval. This finding is consistent with what we know about L-band θv retrieval: sky
TB is very small, ≈ 5 K, compared to typical terrestrial TB of 250 to 300 K; and soil moisture
sensitivity is rather large in comparison to sky TB, between 1 and 2 K per 0.01 m
3 m−3. However
sea surface salinity, which is much more sensitive to measured TB, would experience retrieval
Table 2.2 Impact of AFFOV threshold implementation on the bias and ubRMSE over the
SFIR, averaged across all years and DGGs of available data.
post-RFI AFFOV ≥ 0.10 AFFOV ≥ 0.25 AFFOV ≥ 0.40
bias (m3 m−3) -0.071 -0.072 -0.073 -0.074
ubRMSE (m3 m−3) 0.062 0.059 0.059 0.057
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Figure 2.3 Distribution of fractional AFFOV coverage for successful SFIR retrievals over 3
DGGs (filtered for RFI) in 2013, 2014, and 2015. A third of successful retrievals
occur almost entirely outside of the AFFOV, where the surface signal is overlapped
by sky observations.
errors associated with aliases present. As such, while the AFFOV filtering did not improve the
SFIR retrievals, implementing such a threshold may be advisable for SMOS sea surface salinity
retrievals.
2.2.3 χ2 probability
SMOS retrieves θv by a routine where the TB are modeled (as a function of θv) and optimized
against the measured TB. However, when the processor results in a “success” (θv is retrieved)
there is a possibility that the retrieved θv is not a good fit. The χ
2 probability is a measure
of the cumulative χ2 distribution, normalized by the degrees of freedom (number of retrieved
parameters), where χ2 is a measure of the “goodness” of fit. The use of a χ2 probability
threshold of 0.05 limits the chance of accepting poorly fit retrievals, and in turn rejecting those
that are valid, to less than 5% (P. Richaume, personal communication, June 2015).
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Application of the χ2 probability filter throws out retrievals with a “poor” TB fit, where the
“best” solution from the retrieval algorithm isn’t really a good solution. When applied after the
RFI filter, the total number of valid retrievals is reduced from 1995 to 1587 (from approximately
32 retrievals per DGG per month to 25). The bias is increased from -0.071 m3 m−3 to -
0.072 m3 m−3 and the ubRMSE decreases from 0.062 m3 m−3 to 0.061 m3 m−3. While the
implementation of this filter does worsen the dry bias, the removal of statistically poor retrievals
(high χ2 probability) decreases the noisiness of the retrievals as quantified by the ubRMSE and
increases the overall confidence in the data.
2.3 Conclusions
The combined implementation of the instantaneous RFI and χ2 probability filters defined
in this chapter slightly increase the dry bias in the SFIR, from -0.071 m3 m−3 to -0.072 m3 m−3.
However, these filters reduce the ubRMSE, from 0.063 m3 m−3 to 0.061 m3 m−3. While the use
of an AFFOV threshold is a good idea in theory (limiting TB to those without alias) the AFFOV
filters reduced the overall number of retrievals significantly. All of the data validation methods
tested had a similar pattern of increasing (or in the case of IRRFI, holding static) the bias and
decreasing the ubRMSE. This suggests that while the filters do not help resolve the dry bias,
they do remove some outliers when comparing SMOS observations to in situ measurements.
Additionally, all three filters are indicators of how close the TB measurements are to the center
of the swath as the majority of the retrievals removed contained few TB observations. When
TB occur only at the edges of a transect (i.e., when the DGG is barely clipped by the side of
the swath) a smaller number of TB are measured and the retrieval is inherently less likely to
be valid.
The IRRFI and χ2 probability filters have been implemented in our data extraction process
and applied to retrievals analyzed in this study. The AFFOV filter was not implemented as it
led to an undesirable decrease in the amount of valid retrievals.
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CHAPTER 3. EVALUATING AUXILIARY TEMPERATURE INPUT
3.1 Introduction
The SMOS soil moisture retrieval algorithm utilizes a radiative transfer model to calculate
the soil  from the observed TB. A dielectric mixing model is then used to retrieve θv from
the calculated ; the drier the soil the higher its emissivity will be. The radiative transfer and
dielectric mixing models implemented for each grid point are dependent on the predominant
land surface class (e.g., croplands, forest, or mountain). The retrieval is broken into smaller
units, called Discrete Fine Flexible Grid (DFFG) cells, to account for spatial variation in land
cover and soil textural properties across the DGG. In the area delineated by the 3 SFIR DGGs
(Fig. 1.5) there are 324 DFFG cells.
Analysis of the “AUX DFFFRA” static auxiliary product, which provides land surface class
fractions derived from the ECOCLIMAP database, indicates that 94.1% of the SFIR contains
“nominal” land cover, which consists of both bare and vegetated soils (Bengoa et al., 2014).
The remainder of the land area in the SFIR is split between forest (5.4%), urban (0.3%), and
open fresh water (0.2%). The algorithm case, determined by the majority land cover per DFFG,
is the nominal case for 321 of the 324 DFFG cells (the other 3 are forest). Given this spatial
distribution of land cover, we will only consider the nominal case when investigating the SMOS
dry bias. The full algorithm for the nominal case is presented in Section 3.1.2 of the ATBD;
handling of vegetation is further described in Section 3.1.2.7 (Kerr et al., 2014).
The τ –ω model (Eq. 3.1), a zero-order radiative transfer model which considers emissions
from the soil and the canopy, is used to compute  in regions of nominal retrieval such as the
SFIR. In the nominal case, radiation observed by SMOS is a summation of: upward emission
from the soil surface that passes through the canopy (first line of Eq. 3.1); upward emission
24
from the canopy (second line of Eq. 3.1); and downward emission from the canopy that is
reflected off the soil surface and then passes upwards back through the canopy (third line of
Eq. 3.1).
TB =Tg  e
−τ/ cos θ
+ (1− e−τ/ cos θ)(1− ω)Tc
+ (1− e−τ/ cos θ)(1− ω)Tc (1− ) e−τ/ cos θ
(3.1)
The τ –ω model defines TB, at an observed incidence angle and polarization, as a function
of soil temperature (Tg), canopy temperature (Tc), the vegetation optical thickness (τ), single
scattering albedo (ω), and . θv and τ are retrieved by minimizing the difference between the
observed TB and those modeled by the processor.
One possible explanation for the SMOS dry bias is that the auxiliary temperatures used in
the retrieval of soil moisture are lower than what is actually occurring at the surface. If the
temperature SMOS is given is cooler than the actual temperature (SMOS T – SFIR T ≤ 0),
the processor would have to increase the calculated emissivity in order to match the observed
TB, resulting in a too dry retrieval. The auxiliary meteorological data used by the SMOS mis-
sion are produced by the European Centre for Medium-Range Weather Forecasts (ECMWF).
SMOS requires the soil temperature at the surface, soil temperature at depth, and the skin
temperature. The temperatures used in this analysis are available for each overpass as part of
the “AUX ECMWF ” product (Bengoa et al., 2014).
3.2 Sensitivity of Soil Moisture Retrieval to Surface Temperature
The sensitivity of θv retrieval to surface temperature increases as the roughness of the soil
and the optical depth of the canopy increase. The sensitivity was calculated by comparing a
baseline soil moisture, retrieved with temperature T1, to one retrieved using an incremented
temperature (T2 = T1+∆T ), where T = Tg = Tc. We started our sensitivity analysis by looking
at ∆T = ± 1.5 K as it is a reasonable error that could be expected in ECMWF temperature;
the analysis was run for both a bare surface and a full maize canopy. The bare surface is
representative of the least sensitive scenario possible in the SFIR; the maize canopy would be
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the most sensitive scenario. In the SFIR, where the canopy is a mixture of corn and soybean,
the actual retrieval sensitivity to temperature error will fall between the two scenarios.
For both surface types, the retrieval error due to errors in surface temperature (∆T ) was
calculated for a combination of horizontal and vertical polarizations and incidence angles of
20◦ and 50◦. As there is no vegetation present, τ was defined as 0 Np for the bare case. For
the full maize canopy, τ was set to 0.52 Np using Eq. 3.2 (Jackson and Schmugge, 1991):
τ = b× VWC, (3.2)
where the crop-specific parameter b is 0.130 for corn and the vegetation water content (VWC)
is 4 kg m−2 (Hornbuckle et al., 2003).
In order to represent a realistic surface, rather than one that is perfectly smooth, soil
roughness was parameterized following Wigneron et al. (2001). The  utilized in the τ –ω model
is modified from a smooth surface emissivity (smooth) for surface roughness as a function of
the RMS roughness (σs = 25 mm), the correlation length (lc = 60 mm), and θv. The realistic
(rough)  is given by:
 = (smooth − 1) e−hs + 1, (3.3)
where
hs = Aθv
B
(
σs
lc
)C
, (3.4)
and A, B, and C are empirical parameters equal to 0.5761, -0.3475, and 0.4230 respectively
(Wigneron et al., 2001).
The retrieval sensitivity averaged over both polarizations and incidence angles is illustrated
in Fig. 3.1. With the exception of very dry soils (θv ≤ 0.15), on average the retrieval error
increases as the soil becomes wetter. For the bare rough case the sensitivity of θv retrieval does
not vary significantly with polarization or incidence angle (Fig. 3.2). However, in the case of
the full maize canopy, the vertical polarization at θ = 50◦ is twice as sensitive to temperature
error as the other polarization/θ combinations (Fig. 3.3).
During the beginning of the growing season, when there is little vegetation and the θv
retrieval sensitivity to ∆T is that of the bare soil case, variation in ECMWF-modeled T will
likely not be large enough to significantly bias θv retrieval as the error for ∆T = ± 1.5 K is
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Figure 3.1 Sensitivity of θv retrieval, over both rough bare soil and a maize canopy, to errors
in surface temperature averaged over both polarizations and incidence angles.
± 0.005 m3 m−3 (Fig. 3.1). The sensitivity to ∆T for the full maize canopy is ± 0.02 m3 m−3,
which is the same order of magnitude as the observed bias (Fig. 3.1, Table 1.1). In addition
to creating either a wetting (∆T ≥ 0) or drying (∆T ≤ 0) effect on the θv bias, ∆T has the
potential to introduce noise into θv retrieval through noise in the T input. When analyzing Tg
and Tc, a strong negative bias (∆T ≤ –1.5 K) will indicate temperature errors are large enough
to dry θv retrieval while vegetation is present.
3.3 Calculating Surface Temperature
3.3.1 Effective ground temperature
The temperature that controls emission from the soil (Tg) is not simply the temperature at
the surface of the soil, but rather a composite of multiple depths dependent on soil properties.
Section 3.1.2.4 of the L2 ATBD (Kerr et al., 2014) defines Tg as:
Tg = Tsoil depth + Ct (Tsoil surf − Tsoil depth) , (3.5)
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Figure 3.2 Sensitivity of θv retrieval to errors in surface temperature over rough bare soil.
The θv retrieval error is independent of polarization or incidence angle at most θv
when vegetation is not a factor.
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Figure 3.3 Sensitivity of θv retrieval to errors in surface temperature over a maize canopy.
The vertical polarization at θ = 50◦ stands out as being much more sensitive to
errors in surface temperature, particularly in drier soils.
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where
Ct = min
{(
SM
w0
)bw0
, 1
}
. (3.6)
SMOS currently utilizes ECMWF Soil Level 1 for Tsoil surf (0 – 7 cm) and ECMWF Soil Level 3
for Tsoil depth (28 – 100 cm). SM is the θv estimate reported by the ECMWF. The soil textural
parameters w0 and bw0, which describe the thermal profile with depth, are currently both held
static by the processor at 0.3.
For each successful retrieval, Tg was calculated and averaged over the SMOS DGGs and
SFIR network. SMOS Tg was constructed according to the L2 ATBD (Eq. 3.5 and 3.6); the
required auxiliary data were extracted from the “AUX ECMWF ” product. Tg was calculated
for each SFIR in situ site and then averaged over the entire network. For the SFIR, the actual
soil moisture was used for SM and the 5 cm and 50 cm soil temperatures for Tsoil surf and
Tsoil depth. The same depths were used for validation of Eq. 3.6 during pre-launch activities at
the bare soil Avignon and SMOSREX sites (de Rosnay et al., 2006; Kerr et al., 2014).
3.3.2 Error in Tg
The bias (SMOS Tg – SFIR Tg) and RMSE were calculated for each successful retrieval and
averaged over the 3 SFIR DGGs. Table 3.1 presents the Tg bias, separated by year, month,
and ascending versus descending overpasses. The average Tg bias was 0.25 K, which is both the
wrong sign and too small to impact the θv bias. Our sensitivity analysis indicated that a Tg
bias of at least ± 1.5 K would be required to cause significant wetting or drying in θv retrieval;
a negative Tg bias would result in a dry θv bias as seen in the SFIR (Fig. 3.1).
When looking at a finer time scale (monthly), there are four months in the three years of
available data during which the magnitude of the Tg bias is large enough to have likely impacted
the θv bias: September and October 2013, and June and July 2015. The θv bias for September
2013 is significantly smaller (wetter) than the other months, which corresponds with the warm
Tg bias; October 2013 shows a similar pattern to a lesser extent (Table 1.1). June and July
2015 saw a drier θv bias than surrounding months, which corresponds to the cooler Tg bias
(Table 1.1). While April 2014 has a Tg bias of similar magnitude, there is little vegetation
present and the sensitivity would be more similar to the bare rough soil case rather than the
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full canopy. For the bare soil case, a ∆T of 1.5 K results in less than 0.01 m3 m−3 error in θv
retrieval (Fig. 3.2). A possible reason for the high Tg bias for April 2014 is that due to the late
season snowfall, which interfered with retrievals, the ground may have actually been frozen or
near-frozen while ECMWF had modeled the soil as slightly warmer and thawed. Interestingly,
the Tg bias becomes cooler (which would produce a drier soil) with each year; the θv bias did
become drier with each year in the study (Table 1.1). There appears to be a warming trend in
the Tg bias during months of high vegetation (Jul – Sep) during all three years.
The RMSE between SMOS and SFIR Tg are presented in Table 3.2. In contrast to the bias,
the noise evident in Tg, as quantified by the RMSE (average: 1.4 K), is large enough that it
may be producing some of the noise in the SMOS versus SFIR θv relationship. The 6 PM Tg is
noisier than the 6 AM (RMSE = 1.6 K and 1.2 K respectively) which corroborates the report by
Albergel et al. (2015) that the ECMWF soil temperature is noisier at 6 PM. We are unable to
explain the yearly variation in Tg bias and RMSE, except to note that ECMWF is continually
updating their models that produce the data for SMOS. There do not appear to be similar
monthly patterns between the Tg RMSE and the θv ubRMSE (Table 1.3).
The choice of w0 and bw0 parameters have additional impact on the Tg bias. While held
static in the processor, w0 and bw0 should vary with soil type as they describe the thermal
profile. As we have no estimation for w0 and bw0 in SFIR, and therefore used the processor
default to calculate the SFIR Tg, the impact of variation in w0 and bw0 was analyzed. Fig. 3.4
Table 3.1 SMOS – SFIR Tg bias. The bias decreases (becomes cooler) between each of the
three years. While the average (Apr–Oct, 2013–2015) magnitude of the Tg bias is
not large enough to impact θv retrieval, individual months that have a bias large
enough to affect retrieval are marked. Bold text denotes that the monthly Tg bias
may cause a drier θv retrieval and italic text a wetter retrieval.
bias Apr May Jun Jul Aug Sep Oct Apr–Oct 6 AM 6 PM
2013, K 0.017 0.62 0.23 0.036 0.53 2.1 1.1 0.73 0.46 1.0
2014, K 2.3 0.66 0.23 -0.79 -0.64 -0.22 0.14 0.050 -0.36 0.48
2015, K 1.2 0.18 -1.0 -1.2 -0.55 -0.028 0.96 -0.038 -0.30 0.23
Total, K 1.2 0.49 -0.19 -0.64 -0.22 0.62 0.73 0.25 -0.07 0.57
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presents the difference between the average Tg bias and the Tg bias where the SFIR Tg is
calculated with varying values for w0 and bw0. This is additional bias that would be added
to the average Tg bias. Over a soil where the actual w0 and bw0 parameters fall in the blue
shaded values in Fig. 3.4, the Tg used in retrieval (calculated with default w0 and bw0) would
be cooler than the actual Tg, resulting in a slight drying of the retrieved θv proportional to the
magnitude of the additional bias. For soils where the actual w0 and bw0 are in the red shaded
values a wetting of the retrieval is possible. The default parameters (F) are noted on Fig. 3.4
along with those measured at the Avignon (F) and SMOSREX () bare soil sites. With the
additional bias ranging from - 0.075 K to + 0.97 K, the average Tg bias remains unlikely to
cause a dry θv bias.
3.3.3 Canopy temperature
The canopy temperature (Tc) and τ control the amount of radiation emitted from vegetation.
SMOS uses the ECMWF Skin Temperature for Tc. Unfortunately, we have no way to directly
compare the SMOS Tc to what actually occurred as skin temperature is not recorded at the
SFIR network sites. In order to assess the potential of Tc errors to impact θv retrieval, the
contributions of Tc to a composite temperature Tgc are analyzed. While not implemented in the
processor, the L2 ATBD defines Tgc, a single temperature that is weighted by soil and canopy
contributions, by Eq. 3.7 and 3.8 (Kerr et al., 2014).
Tgc = AtTc + (1−At)Tg (3.7)
At = 1.7
(
1− e−τ) , 0 ≤ At ≤ 1 (3.8)
Table 3.2 RMSE between SMOS and the SFIR Tg. The Tg RMSE is large enough that it may
affect the noisiness present in θv retrieval.
RMSE Apr May Jun Jul Aug Sep Oct Apr–Oct 6 AM 6 PM
2013, K 1.1 1.4 1.5 0.78 1.4 2.3 1.7 1.6 1.3 1.8
2014, K 2.7 1.5 1.1 1.1 0.86 1.2 1.0 1.3 1.1 1.5
2015, K 1.7 1.1 1.3 1.4 1.0 0.98 1.4 1.3 1.1 1.4
Total, K 1.8 1.3 1.3 1.1 1.1 1.5 1.3 1.4 1.2 1.6
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Figure 3.4 Difference between average Tg bias, where SFIR Tg is calculated with processor
defaults (F), and that where SFIR Tg is calculated with w0 and bw0 varying
between 0.05 and 1. This bias may be added to the previously calculated Tg bias
depending on the actual w0 and bw0. The Avignon (F) and SMOSREX () w0
and bw0 measurements are noted.
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Figure 3.5 Fraction of total temperature error (∆Tgc) due to ground temperature error (∆Tg)
and canopy temperature error (∆Tc).
Hornbuckle and England (2005) reported the mean difference of temperature from the top of
a full maize canopy to a depth of 4.5 cm in the soil below. On average, at 6 AM the temperature
at the top of the canopy (Tc) was 1 K cooler than that at the soil surface, which itself was 2 K
cooler than the soil temperature at 4.5 cm. At 6 PM Tc was 0.5 K cooler than the soil surface,
which was 1 K warmer than at a 4.5 cm. If we assume that Tg can be approximated by the
soil temperature at 4.5 cm, for a full maize canopy Tc would average to 3 K cooler than Tg for
morning θv retrievals and 0.5 K warmer than Tg for evening retrievals.
To compare the weight of Tg and Tc errors, Eq. 3.7 can be re-written as:
∆Tgc = At∆Tc + (1−At) ∆Tg. (3.9)
Fig. 3.5 presents the relative weights of Tg error (∆Tg) and Tc error (∆Tc) to the total surface
temperature error (∆Tgc). During the beginning of the growing season, while τ is quite low,
almost all of ∆Tgc is due to error in Tg. At the maximum τ used during the full maize canopy
sensitivity analysis (0.52 Np) ∆Tc is roughly 70% of the total temperature error. However, a
more realistic max-τ case for the DGG scale would be one where τ is made up of both corn
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and soybean. In this case errors from Tc would be nearer to half of ∆Tgc; when ∆Tg and ∆Tc
are weighted equally the Tc bias would have to exceed –1.5 K in order to result in a dry θv bias
(Fig. 3.1).
3.4 Conclusions
Errors in auxiliary surface temperature are probably not the cause of the SMOS dry bias.
The sign of the Tg bias varies in both monthly and yearly timescales. In addition, the average
Tg bias is not large enough to impact retrieval. Months with large Tg bias (cool or warm) do
correspond with a relative change (drier or wetter) in the θv bias. There is evidence that noise
in Tg, quantified by the RMSE, is large enough that it may contribute to the noisiness of SMOS
θv retrieval. While we do not have available in situ data to validate Tc as utilized by SMOS,
it is unlikely that errors in Tc would significantly impact retrieval as long as the magnitude
of the Tc bias is approximately that of the Tg bias (or less). For the majority of the growing
season, the composite temperature Tgc is dominated by Tg. Even while Tc is masked by Tg,
the amount of vegetation is still influencing the amount of radiation emitted from the soil and
observed by SMOS through the τ parameter (Eq. 3.1).
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CHAPTER 4. INVESTIGATING IMPACTS OF SOIL TEXTURE
4.1 Introduction
As mentioned in Section 3.1, the SMOS soil moisture retrieval algorithm for the nominal
case consists of the τ –ω model, which simulates the observed TB as a function of temperature
and soil emissivity, and a dielectric mixing model. It is in the dielectric mixing model where
soil texture, defined as the sand fraction (S) and the clay fraction (C) of the soil, is accounted
for in θv retrieval. The relative permattivity, or dielectric constant (εr), is calculated using the
 from the τ–ω model. The chosen dielectric mixing model is then used to retrieve θv. SMOS
currently uses the Mironov model (Mironov et al., 2013); the Dobson model (Dobson et al.,
1985) was used prior to April 2012 (processor v551). The Mironov, Dobson, and Wang and
Schmugge (Wang and Schmugge, 1980) models are all in consideration for the SMAP mission.
Each of the three primary dielectric models are functions of soil texture, temperature (Tg),
and frequency (f = 1.4 GHz for SMOS). The only soil texture input for the Mironov model
is the clay content. The Dobson and Wang and Schmugge models utilize S, C, bulk density
(ρb), and particle density (ρs). The soil texture parameters are used to calculate the dielectric
constant of the soil solids. Temperature and f are used to calculate the the dielectric constant
of pure water. The requirements for each model are summarized in Table 4.1.
Table 4.1 Required parameters for each dielectric mixing model.
S C ρb ρs Tg f
Dobson • • • • • •
Mironov • • •
Wang and Schmugge • • • • • •
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Figure 4.1 Difference between Mironov and Wang and Schmugge retrieved soil moistures and
the Dobson retrieved soil moisture for varying polarizations and incidence angles.
Assumes a bare soil with a texture equal to the SFIR network average and a
temperature of 300 K.
The differences between Dobson, Mironov, and Wang and Schmugge retrieved soil mois-
ture, calculated with a soil texture of S = 0.26 and C = 0.28 (SFIR network average),
ρb =1.35 g cm
−3, and Tg = 300 K, are presented in Fig. 4.1. Surface roughness is parame-
terized following Eq. 3.3. The Dobson model, used as the baseline in Fig. 4.1 due to prior
use in the SMOS mission, results in the driest retrieved soil moisture of the three models over
realistic soil water contents. One of the reasons for the SMOS algorithm shift from the Dobson
to the Mironov model was the hope that the new method would resolve a dry bias in SMOS
data.
4.2 Sensitivity of Soil Moisture Retrieval to Soil Texture
In order to test the sensitivity of θv retrieval to soil texture we must first establish a baseline
for the SFIR watershed. Fig. 4.2 depicts TB simulated as a function of soil moisture, where εr
is calculated with the Dobson, Mironov, and Wang Schmugge models; S, C, rh0b, and Tg are
the same as in the baseline (Fig. 4.1). This graph, as with all following TB versus soil moisture
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Figure 4.2 Simulated TB for varying polarizations and incidence angles. Assumes a bare soil
with a texture equal to the SFIR network average and a temperature of 300 K.
plots, is interpreted by choosing a TB, and then finding the corresponding soil moisture value.
That is, for an simulated TB, the corresponding soil moisture is what would be retrieved given
the chosen dielectric mixing model. As shown in Fig. 4.2 (and Fig. 4.1), theoretically
the Dobson model should retrieve the driest soil and the Wang and Schmugge the wettest.
Mialon et al. (2015), who compared the implementation of Dobson and Mironov models in the
SMOS retrieval algorithm, found that the use of the Mironov model resulted in wetter retrievals
(0.033 m3 m−3 wetter, global average) than the Dobson model.
The sensitivity of simulated TB to S, C, and ρb for bare soil is depicted in Fig. 4.3 – Fig.
4.5. As TB varies with both soil texture and θv, it is necessary to note that:
∆θv
∆TB
≈ 0.01 m
3 m−3
1− 2 K , (4.1)
depending on the amount of vegetation present. If incorrect soil texture parameterization is
the source of the SMOS dry bias, then TB would have to vary with soil texture by around
10 K. As the sensitivity of TB to soil texture over a bare soil is similar across polarizations and
incidence angles analyzed, only the h-pol TB at θ of 20
◦ is shown.
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Figure 4.4 Simulated TB for a bare soil with varying C. Assumes S and ρb equal to the SFIR
network average and a temperature of 300 K.
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Figure 4.5 Simulated TB for a bare soil with varying ρb. Assumes S and C equal to the SFIR
network average and a temperature of 300 K.
Variation in S, which is not required for the Mironov model, appears to only effect Dobson
model retrievals (Fig. 4.3). As S increases, the Dobson model retrieves a drier soil moisture for
a given TB. The Wang and Schmugge retrieval does not vary with sand content, even though
it is a required input for the model. All three models are somewhat sensitive to C, with the
Mironov and Wang and Schmugge retrieving a wetter soil moisture as C increases (Fig. 4.4).
ρb does not have an impact on retrieval at the range of values seen in the SFIR (Fig. 4.5). It is
to be noted that the simulated behavior of TB is due to the empirical nature of the dielectric
mixing models and may not be physically consistent, especially over relatively small changes
in soil moisture.
4.3 Auxiliary Soil Texture Input
Prior the soil moisture processor v620 (implemented May 2015), the SMOS mission was
using Food and Agriculture Organization (FAO) soils data at an approximately 10 km resolution
(at our latitude). While the previously used dataset does show variance over the United States,
the soil texture for the entire state of Iowa was set to C = 0.40 and S = 0.30. This seems even
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Figure 4.6 Maps of S used by SMOS over the SFIR: FAO-derived map used pre-May 2015
(left) and STATSGO-derived map currently used (right). Grid points are noted
by black points.
more shocking when compared to the actual values over the SFIR working area (Fig. 1.5): C
ranges from 0.15 to 0.35 (avg. 0.28) and S ranges from 0.10 to 0.40 (avg. 0.26). The old maps
are presented in the leftmost panels of Fig. 4.6 and Fig. 4.7.
In the interest of inter-mission comparability, the most recent version of SMOS soil moisture
data (v620) implemented the same soil map used by SMAP. The new maps, presented in the
rightmost panels of Fig. 4.6 and Fig. 4.7, are derived from the NRCS STATSGO database.
These maps increased the spatial resolution of SMOS soils (from 10 km to 4 km) and resolved
features that visually follow the borders between Iowa soil types (e.g., clay lake deposits versus
glacial till).
The primary change that comes with the new maps is what happens to θv retrieval when
a dramatically reduced C is used by the algorithm over the SFIR. The maximum θv error,
calculated as the difference between the θv retrieved with C = 0.40 (old map) and that retrieved
with C equal to 0.20, 0.25, and 0.30, is presented in Fig. 4.8 as a function of θv retrieved with
the old standard for the SFIR (C = 0.40). The Mironov model was used for retrieval as it
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Figure 4.7 Maps of C used by SMOS over the SFIR: FAO-derived map used pre-May 2015
(left) and STATSGO-derived map currently used (right). Grid points are noted
by black points.
is currently used by the SMOS processor. With the most severe error in C (where the real
C is 0.20), the new soils map would result in a θv retrieval that is almost 0.03 m
3 m−3 drier
than that made with the old map. Fig. 4.8 is calculated from the h-pol TB at θ= 20
◦. Other
polarizations and incidence angles result in similar θv errors.
While there were other changes to the processor introduced in v620, and we therefore cannot
directly compare retrievals using the different soils maps, Fig. 4.8 leads to the conclusion that
the revised soils map will make the observed dry bias in the SFIR worse, as decreasing C results
in a drier θv retrieval. The θv bias was drier in 2015, for which the majority of the growing
season had retrievals with the new soils map, than in previous years (Table 1.1).
4.4 Conclusions
Errors in auxiliary soil texture input are not the cause of the SMOS dry bias in the SFIR.
The dielectric models themselves are not sensitive enough to variations in soil texture, at the
magnitude of those found in the SFIR network, to be controlling the dry bias. The Mironov
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Figure 4.8 The difference between the θv retrieved with C = 0.40 (old map) and that retrieved
with realistic values of C (θv error) plotted against that retrieved under the old
standard (C = 0.40).
model, currently used as the primary dielectric mixing model by the SMOS soil moisture
processor, is sensitive to errors in clay fraction. The new SMOS soils map, introduced in May
2015, should result in the dry bias worsening over the SFIR. While an increased bias is not
ideal, the improved accuracy of the soil texture maps utilized by SMOS is a positive step for
the retrieval process. As auxiliary inputs to the models that govern θv retrieval improve, errors
that may mask the true source of the bias decrease.
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CHAPTER 5. EXAMINING SINGLE SCATTERING ALBEDO
5.1 Introduction
The τ –ω model (Eq. 3.1) simulates the TB observed by SMOS by accounting for surface
temperature (see Chapter 3), soil emissivity (see Chapter 4), and how much the canopy atten-
uates (τ) and scatters (ω) incident radiation. Objects of a similar (or larger) physical size to
the observed wavelength (λ = 21 cm for SMOS) scatter radiation, typically reducing the TB
observed (Hornbuckle et al., 2003). This effect is also known as scatter darkening. The struc-
ture of the plant, such as the straight vertical alignment of corn versus the spreading growth of
soybean, and the size of the plant components (e.g., stem, leaves, seeds) impact the magnitude
of scattering effects in the canopy. The magnitude of the scattering effects in the canopy are
parameterized as ω in the τ –ω model.
The nominal retrieval case, previously discussed in Section 3.1, accounts for 321 of the 324
DFFG cells in the SFIR. While retrieval only considers the majority case for each DFFG (e.g.,
nominal, forest, urban), land surface variables, such as ω and hs, are parameterized for each
land class (e.g., C4 crops, broadleaf forest) within the cell. The “AUX DFFFRA” auxiliary
SMOS product provides both the primary land class and the fractional area for each retrieval
case per DFFG. The nominal cover types listed in the ECOCLIMAP database for the SFIR are
“N-America humid continental C” (303 DFFGs), which is comprised of 70% C4 crops and 30%
C3 crops, and “NH Continental WG” (21 DFFGs), which is described as 20% C4 crops, 50%
C3 crops, and 30% coniferous. There are 2 forest classes within the SFIR: “NH Continental
WL”, which is 50% coniferous and 50% C3 crops, and “N-America humid continental DBF”,
which is 100% broadleaf forest. The crops relevant to the SFIR are corn (C4) and soybean
(C3). A list of all land classes and retrieval cases present in the SFIR is given in Table 5.1.
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The SMOS processor currently assumes that ω = 0 (i.e., the canopy does not significantly
scatter radiation at L-band) for all nominal land surface classes (Kerr et al., 2014). However,
Hornbuckle et al. (2003) found that for corn, the predominant crop in the SFIR, scattering
effects are not negligible and a non-zero ω should be used. As the components of soybean are
smaller than their corn counterparts, and soybean has less of a defined vertical structure than
corn, it is assumed that soybean scatters less than corn (ω is smaller). Therefore, we should
be using a non-zero, but small, ω during retrieval to accurately characterize the canopy.
5.2 Customizing the SMOS Processor
In order to test the effect of using a non-zero ω during retrieval it was necessary to run
a customized version of the SMOS soil moisture processor. The “AUX LANDCL” file, which
contains the surface parameterizations for each land class, was edited such that the vegetation
types in the SFIR had ω = 0.05: “W H W F”, the ω for h-pol TB, was defined as 0.05 and
“Diff W”, the difference between ω for h-pol and v-pol, was set to 0 (i.e., the horizontal and
vertical ω are the same). This value was chosen for ω as it is small but non-zero and is currently
in use by the SMAP mission, which will allow us to more directly compare SMOS and SMAP
retrievals (O’Neill et al., 2014). Few studies have been done on forest retrievals, and as the
available ω were limited to subtropical and boreal forests, we utilized the subtropical forest
(ω = 0.06) from Rahmoune et al. (2014) for the 3 SFIR DFFGs where forest retrievals are
preformed.
Table 5.1 List of all land classes present in the SFIR. The retrieval case for each DFFG is
dependent on its majority land class.
Retrieval Case Land Class DFFGs present DFFGs majority
Nominal “N-America humid continental C” 303 301
“NH Continental WG” 21 20
Forest “NH Continental WL” 137 2
“N-America humid continental DBF” 8 1
Water “Inland waters” 21 0
Urban “Urban and built-up” 10 0
44
The processor was run on v620 L1C data (TB product), where the only changes to the
default auxiliary files were those to the “AUX LANDCL” mentioned above. We ran a test
case of July and August 2015; the time period was chosen as it is after the implementation
of the newer soils map and is far enough into the growing season that the canopy is relatively
static. At this stage of the growing season, τ , which is a measure of how much water is in the
vegetation, does not vary as much as earlier in the growing season since new crop growth is put
into the ear, rather than the stem and leaves. The soil surface roughness should not change
much at this point due to the closed canopy intercepting rainfall.
As shown in Fig. 5.1, using ω = 0.05 results in a drier retrieval than the operational product.
The corresponding SMAP Dual Channel Algorithm (DCA) retrievals, which utilize ω = 0.05 by
default, are included in Fig. 5.1 to illustrate that increasing ω in the SMOS processor results
in retrievals similar to those produced by SMAP-DCA. The bias, ubRMSE, and correlation
coefficient (R) for each retrieval method are summarized in Table 5.2; using a non-zero ω
improves all three metrics. During the two-month period analyzed, changing the ω used by
SMOS from 0 to 0.05 increased the dry bias by 0.033 m3 m−3, decreased the ubRMSE by
0.0028 m3 m−3, and increased R by 0.054.
SMOS retrievals performed with ω = 0.05 resulted in a drier θv than those with ω = 0.
This makes sense because when a zero ω is utilized in retrieval, the processor has no way of
“knowing” that scatter darkening is occurring. This results in the low TB being interpreted as
due to a smaller , and therefore a wetter soil. If ω is then changed to a non-zero value, the
processor “knows” that the observed TB has been reduced, and it can therefore compensate for
the scatter darkening. This results in a higher  and a drier soil than retrieved using ω = 0. This
Table 5.2 Bias, ubRMSE, and R for SMOS processed with ω = 0 and ω = 0.05; the
SMAP-DCA is also included.
SMOS (ω = 0) SMOS (ω = 0.05) SMAP (ω = 0.05)
bias, m3 m−3 -0.11 -0.14 -0.16
ubRMSE, m3 m−3 0.040 0.038 0.034
R 0.68 0.74 0.77
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conceptual model of the impacts of changing ω to a non-zero value corroborates our customized
processor runs which resulted in a drier θv retrieval.
5.3 Conclusions
The use of an ω = 0 by the SMOS processor is not the source of the observed dry bias. When
scattering is present in the canopy, the observed TB decreases as there is less radiation reaching
SMOS. If not accounted for during retrieval, the lower TB appears to the processor as a soil
that is wetter than what is actually occurring. When ω is adjusted to a value more appropriate
for corn the retrieved θv becomes even drier. The modified SMOS processor produces results
similar to those retrieved by the SMAP mission.
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Figure 5.1 Satellite retrieved soil moisture over the SFIR during July and August, 2015.
The operational SMOS, SMOS retrieved using ω = 0.05, and the operational
SMAP-DCA retrievals are presented.
47
CHAPTER 6. CONCLUSIONS
6.1 What is Causing the SMOS Dry Bias?
We were unable to identify the source of the SMOS dry bias by examining retrieval validity,
ECMWF temperature input, soil textural maps, and scattering within the canopy. However,
we made remarkable progress in understanding how the retrieval algorithm handles agricultural
land surfaces. In the process, we verified that there are few invalid θv retrievals in the SFIR,
unlike many other regions of the world that have to work around the constant presence of RFI.
The lack of a major bias in the auxiliary input is not surprising, as most meteorological models
(such as ECMWF) are calibrated to remove biases. The discovery that SMOS had been using
wildly incorrect soil texture maps over Iowa from it’s launch in 2009 until early May 2015 was
startling. Unfortunately, the implementation of updated soil textural maps likely worsened the
dry bias in the SFIR. When accounting for scattering within the canopy, which is necessary for
corn, the dry bias again worsened; the reprocessed SMOS θv became similar to that retrieved
by SMAP DCA.
6.2 Future Work
With errors to auxiliary inputs into the retrieval algorithm ruled out as the cause of the bias,
the logical next step is to determine if there is an issue with the retrieval algorithm itself. We
intend to investigate how improvements in the handling of vegetation and soil surface roughness
will impact the current bias in satellite retrieved soil moisture.
48
Figure 6.1 SMAP DCA and SMOS τ over the South Fork of the Iowa River (SFIR) watershed
for Apr – Oct 2015. Boxes I – V delineate typical stages of VWC and soil surface
roughness changes.
6.2.1 The observed dual nature of τ
Given the definition of τ presented in Eq. 3.2, τ is expected to be negligible when the amount
of “wet” vegetation (vegetation that contains liquid water) present is small. In agricultural areas
like the Corn Belt, wet vegetation is only present during crop development. In the Corn Belt,
SMOS-retrieved τ varies outside of the growing season (when there is no wet vegetation) at a
similar magnitude as during crop growth (Patton and Hornbuckle, 2013). Preliminary analysis
indicates that the SMAP DCA retrieved τ exhibits a similar pattern as SMOS τ over the SFIR.
Patton and Hornbuckle (2013) present the hypothesis that the τ signal outside of the grow-
ing season in the Corn Belt is due to changes in the soil surface roughness due to farm man-
agement practices and precipitation. Soil surface roughness, characterized by the roughness
parameter hs, modifies  of the smooth soil surface as given by Eq. 3.3. When hs increases, due
to either planting activities (stage I in Fig. 6.1) or tillage after harvest (stage V),  increases and
the measured TB increases (Choudhury et al., 1979). The effect of increasing soil roughness is
similar to that produced by increasing vegetation and is interpreted by the retrieval algorithms
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as an increase in τ . Precipitation results in a decrease of surface roughness due to the rainfall
smoothing the soil (stage II, Zobeck and Onstad (1987)). τ increases as VWC increases while
crops are developing (stage III) and decreases while crops senesce (die and dry out, stage IV).
While soil surface roughness appears to be variable during stages I, II, and V, the SMOS and
SMAP retrieval algorithms currently apply a static roughness correction dependent on the land
surface type (Kerr et al., 2014; O’Neill et al., 2014).
Retrieval of soil moisture using the τ –ω model, as both SMOS and SMAP do, assumes that
the τ input represents only the amount of water present in vegetation. Retrieved τ influenced
by soil surface roughness leads to a skewed retrieval as what the satellite “thinks” τ is does not
represent only the VWC.
6.2.2 Hypothesis
Our hypothesis consists of two parts:
1. satellite retrieved τ can be separated into contributions from vegetation and soil surface
roughness, and
2. utilizing a τ representative of VWC and a dynamic accounting of soil surface roughness
during soil moisture retrieval will reduce present retrieval biases in agricultural regions.
We intend to separate retrieved τ into components representative of VWC and soil surface
roughness by use of cutoff dates: creating a range of time when vegetation that contains liquid
water is present. This time period will vary from year to year as crop development is dependent
on temperature, precipitation, and management practices. The determination of the dates of
the beginning of stages III and V from Fig. 6.1 will be a major portion of this study. When wet
vegetation is present (stages III and IV), satellite retrieved τ is representative of VWC (τVWC)
and hs is held static. This approximation is valid because the canopy is both intercepting
rainfall, slowing the rate of change of hs, and masking the signal of changing surface roughness.
Outside of the stipulated date range (stages I, II, and V), retrieved τ is representative of hs.
We can introduce dynamic accounting of soil surface roughness into θv retrieval by retrieving
hs instead of τ during stages I, II, and V.
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After successful separation of retrieved τ components, modified retrieval algorithms will
be developed and used to reprocess the measured brightness temperatures using improved τ
input and current hs. Using τ data representative of only the amount of vegetation present is
expected to result in decreased error in θv retrieval by refining the calculated contributions of
soil moisture and VWC in the observed TB. Changing the roughness correction in the retrieval
algorithm from static to dynamic should also improve θv retrieval, particularly when there is
little (or no) vegetation present. The reprocessed θv will be validated over the SFIR watershed
where soil moisture has been monitored as part of validation activities since 2013.
6.3 Mastering the Enduring Understandings
This thesis has addressed the Agricultural Meteorology enduring understandings as shown
by the following examples. The very foundation of a thesis is dependent on the first endur-
ing understanding: that the formulation, testing, and revision of hypotheses are the core of
the scientific method. We developed our hypothesis by analyzing the inputs into the τ –ω
model, a radiative transfer model developed following the fluxes of energy between the soil and
vegetation. Improvements to satellite soil moisture observations, made possible by extensive
validation studies, stand to improve meteorological forecasts as soil moisture and precipitation
are known to be coupled in agricultural areas. While the θv produced by the SMOS retrieval
algorithm remains too dry over the SFIR, and needs to be adjusted to improve θv retrievals,
the mission has provided unprecedented global L-band observations of soil moisture.
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